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Abstract 
Individuals increasingly rely on automatic mechanisms to suggest quick completion of 
their input text. In this research we test for such an interface's economic effects. Theory 
on exploratory behavior suggests that exposure to text alternatives can facilitate 
diversion of the users from their initially intended text to the new terms that appear in 
the domain and become available. We analyze whether such diversions make an 
economic impact in terms of transaction loss. We test our hypotheses in the context of 
the financial industry by analyzing changes in turnover following the introduction of a 
new security (ticker). Consistent with our hypothesis, upon ticker introduction, turnover 
of securities that are syntactically similar to the new introduced security is significantly 
reduced, by 3%-5%, around the starting day of trade of the new security. These results 
support the notion that the practice of providing text alternatives as an interface can 
make a significant economic impact. 
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Introduction 
Text typing, the act of providing user input to a system by using freeform text, is fundamental in human 
computer interaction. For example, search engines, trading systems, reservation systems, mailing systems 
and shopping sites, require some text as input from interacting users. Most profoundly, text-based input 
is core for locating, transacting and learning about items such as products or services on providers’ 
websites.  
Text typing is not effortless, however. To aid users in their typing task, a mechanism termed autocomplete 
is currently identified with almost any text-based input tool. The idea is simple: as the user types a 
keyword (e.g., a destination airport in a travel reservation system, a ticker in a trading system, a 
programing language keyword in a development environment), a set of possible keywords that begin with 
the same set of characters typed thus far is suggested.  
This mechanism appears to provide a perfect balance by reducing cognitive effort while allowing the user 
to provide any input he/she desires. However, an important possible outcome of the use of autocomplete 
has been largely overlooked. It has been well documented that human behavior is often derived from the 
mere desire to attain a satisfactory level of stimulation; a behavior known as exploratory behavior 
(Steenkamp and Baumgartner 1992; Kahn and Louie 1990; Kahn and Raju 1991). In this research we term 
changes in action due to exploratory behavior, from one’s initial intent to alternative actions, exploration-
based diversions. Autocomplete is expected to facilitate exploration-based diversions when new 
stimulating terms are present. Under such environment conditions, users may decide to engage in 
exploration of the new terms rather than the initially intended text. If this happens when typing a product 
to purchase, this mechanism may divert transactions from initially intended products.  
In this research we analyze the economic impact such diversions may have. Namely, we analyze whether 
there is evidence for a significant loss of transactions due to exploration-based diversions stemming from 
autocomplete. 
Exploration based diversions are stimulus dependent, and are expected to decrease as the stimulation is 
worn out (Benway 1998; Chatterjee et al 2003). In the context of decision making, suboptimal choices 
under the use of technology that are typically discussed in the literature, stem from effort reduction 
strategies (e.g., Silver 1990; Todd and Benbasat 1999), and thus may generate a consistent systematic bias 
in system use (e.g., Thaler and Sunstein 2008; Goldstein et al. 2008; Bettman et al. 1990). In contrast to 
this, exploration tendencies vary according to the curiosity generating stimuli present in the environment. 
This makes exploration-based diversion an interesting phenomenon, which renders suboptimal choices 
only when exploration stimuli is introduced and has yet to decay.  
Specifically, with autocomplete, when a new item that is discussed in the media appears as a possibility 
for completion for the first time, it is more likely to be selected and explored. A large volume of 
psychology research on exploration has shown that higher species in general and humans in particular 
have inherent tendencies to explore items that are new (e.g., Berlyne 1960; Chance and Mead 1955). 
Indeed, the marketing literature has shown that when a choice option is shown for the first time, the 
user’s propensity to follow that option is significantly higher than on consecutive exposures. In the online 
environment these tendencies are prominent and it has been shown that online ads are most effective 
upon first exposure, rather than in later exposures (Benway 1998; Chatterjee et al. 2003; Schroeder 1998). 
This means that autocomplete is expected to have a prominent exploration effect on a term as it is initially 
exposed.  
Accordingly, we ask whether there is evidence of migration in transactions upon exploration stimuli 
generated by the appearance of a new text, i.e., upon the first exposure to that new term. To address this 
question, we conduct a natural experiment within the financial industry, by analyzing migration to new 
products. 
In the financial industry, products are stock-securities, which investors identify by the use of a ticker. The 
tickers of stocks are commonly known as stock symbols. A stock’s transaction volume is measured by 
turnover, which in this paper is the number of shares traded out of the total number of shares 
outstanding.  
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We analyze the possible effects of autocomplete by comparing changes in turnover in the periods that 
surround the introduction of a new stock-security (ticker). Specifically, we analyze migration of trades to a 
stock-security (ticker) which was just introduced to the market from securities with syntactically similar 
tickers (henceforth termed the introduced security’s SYNS securities). That is, we analyze migration to a 
newly introduced security from previously existing syntactically similar securities (An example would be a 
migration from the existing security whose ticker is MSA to a new syntactically similar security, which has 
just been introduced and whose ticker is MSRT). We do this by analyzing financial data on security 
trading.  
Upon a security’s introduction, an exploration environment is established. It is the first time the ticker can 
be traded in systems, and thus the new ticker potentially serves as exploration stimuli provided by 
autocomplete for users that start typing syntactically similar tickers. Accordingly, on the first few days 
after the introduction of the new security, investors of SYNS securities may divert towards the new 
security, resulting in SYNS securities’ reduced turnover in the first few days following the introduction of 
the new security. 
Accordingly, we analyze turnover changes in the previously existing, SYNS securities, hypothesizing their 
reduced turnover following the introduction of a new, syntactically similar, security. In our analysis, we 
employ a difference-in-difference approach. First, each of the results that we uncover for a SYNS security 
is compared to a control security (which is not syntactically similar to the introduced security, i.e., non-
SYNS) from the same industry and a similar market capitalization. Second, we compare any outcome we 
find in the period in which autocomplete technology existed with the pre-autocomplete period.  
Consistent with exploration-based diversion, our findings provide robust evidence that due to 
autocomplete SYNS securities experience a significant drop in turnover, under the new stimuli 
environment when the security to which they are syntactically similar starts trading. We use the date on 
which the new security starts trading as the event date and find that when autocomplete was present 
SYNS securities experienced a significant reduction in turnover during the few days following the event. 
Ceteris paribus, the drop is of approximately 4% compared to a control group of non-SYNS securities. 
This result suggests that when securities start trading, the introduced security attracts the attentions of 
investors who were initially interested in trading in the SYNS securities.  
The analysis of security introduction in the financial industry represents a unique opportunity to test the 
causal effect of autocomplete for several reasons. First, any transaction made in the financial industry 
would be completed through some information system, and any information system supporting trading 
would incorporate a text typing mechanism for locating the security. Second, the financial industry is rich 
in information, thus searching for security-related data is ubiquitous. Third, trading and gathering 
information in the financial industry is typically conducted through dedicated systems and portals in 
which terms that are provided as input should be from the financial domain. For example, the suggestions 
of trading systems, banking systems, and financial portals such as E-Trade, Yahoo! Finance and the like, 
will be limited only to securities as one types a search token. Finally, locating securities and trading in the 
financial industry is acquired by using tickers, and previous research has shown that the company ticker 
has implications on user attention and behavior (e.g., Xing et al. 2016). 
This paper contributes both to the information systems (IS) literature and the financial economics 
literature. The results of this study enhance our understanding of how interface design of technological 
artefacts can affect decisions and outcome. As noted, previous research related to possible decision 
deficiencies stemming from technology supported decision-making, has predominantly dealt with 
consistent biases in user preferences and system use due to effort reduction strategies. Traditional 
economic models make restrictive assumptions about the stable nature of individual decisions and 
preferences (Acquisti 2009). In this research, however, we look at varying exploration stimuli effects, 
yielding temporary changes in behavior. Importantly, this paper is also the first to provide an analysis of 
the economic effects stemming from the commonly applied user interface of autocomplete, which 
represents a highly ubiquitous and special type of tool. First, autocomplete can divert actions very early in 
the user’s system interaction processes, and autocomplete’s diversion potential is based on syntactic 
similarity. Thus, unlike any other decision tool, autocomplete’s diversion ability can be to significantly 
different items and scope. Second, autocomplete affects a decision immediately after it has already been 
made (the user starts typing the decided upon text). Thus, it is different from other decision support tools, 
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such as organizational decision support systems (Todd and Benbasat 1999), or choice facilitating designs 
(e.g. Goldstein et al. 2008), which may affect an unformed choice.  
This study also adds to the financial literature on investors’ cognitive limits and the ways in which 
changes in technology may lead to real financial outcomes. The financial literature has documented 
suboptimal investment choices that resulted from investors’ cognitive limitations. For example, 
Hartzmark (2015) finds that investors are more likely to pay attention to the best- and worst-performing 
positions in their portfolios, while ignoring the rest. This research further extends our knowledge of 
possible behavioral issues originating from investors’ exploration tendencies and cognitive limitations 
during their interaction with technology. 
The rest of the paper proceeds as follows. Section 2 provides the theoretical background. Section 3 
describes the data and variables. Sections 4 provides the empirical analysis and results, and Section 5 
concludes. 
Autocomplete and Product Transactions  
The marketing and psychology literatures have shown that the propensity to follow a choice option is 
related to the level of exposure to that option. When a choice option is shown for the first time, the user’s 
propensity to follow that option is significantly higher (Raju 1980; McAlister and Pessemier 1982). 
Exploratory behavior is a compulsory trait inherit in living species. Berlyne (1960, 1965, 1966) has studied 
these processes extensively, and has proposed the rudiments of a theory emphasizing exploration or 
curiosity. He reports, for example, that rats are more likely to enter a maze arm that differs from the one 
they entered on the preceding trial (Berlyne, 1960). It has been found that exploratory behavior and 
curiosity explain many activities of higher animals. Interestingly, these exploration acts are often given 
higher priority than fulfilling an important survival task. For example, a hungry rat may spend time 
investigating a new feature of the environment before settling down to eat (Chance and Mead 1955), and a 
bird may approach a strange and potentially threatening object at the risk of its life (Hinde 1954).  
Signs of such exploratory behavior have also been identified in humans’ response to advertisements. In a 
study conducted on visual attention to repeated print ads, Pieters et al. (1999) show that consumers 
reduce their exposure to repeated advertisements, and that the amount of attention paid to the ad is likely 
to decline after the first exposure in a monotonically decreasing fashion. The effect of the exploration is 
most prominent when ads relate to less familiar brands that may be introduced to the market (Campbell 
and Keller 2003). In television commercials (Calder and Sternthal 1980), for example, 87% of the viewers 
skip past ads (Grover and Fine 2006). In the online setting, there is even stronger evidence for the 
diminishing returns to repeated ad exposures, with returns tapering off as exposure continues (Chaterjee 
et al. 2003; Wu and Huberman 2007). Not only is interest reduced with repeated exposures online, but 
users have relatively more control over the communication and exchange process than in traditional 
media environments like broadcast and print. In an online environment, users have both a broader and 
deeper array of choices how to receive and interact with communications (Hoffman and Novak 1996; 
Peterman et al. 1999). This direct control can extend to control over advertising response, and thus those 
users who are most likely to attend and click an ad will do so at the first exposure (Chaterjee et al. 2003).  
Building on this line of research a special diversion-exploration phenomenon may be associated with 
autocomplete, which implies on its unique potential economic impact. Namely, it is upon introduction of 
a new product it is expected to divert transactions from syntactically similar products. 
Our analysis relates to diversions in financial portals and trading systems such as E-Trade, Yahoo! 
Finance and Google Finance. Dynamic autocomplete was publicly introduced by Google in 2008 (Liu 
2008). Since the incorporation of autocomplete in Google’s search site, this technological artefact has 
quickly propagated to any online system, information portals, and trade systems. 
Trade systems in financial markets allow users to trade in stocks and, similarly to financial portals, 
acquire information such as financial news or latest stock value, as well as stock trading data (price, 
volume) once a security is picked (Cho 2010). In such systems, two forms of interaction can be applied in 
order to locate securities to research about or trade in: (1) security screening; and (2) security typing. 
When applying security screening, the user does not have a specific security in mind, but rather chooses 
economic criteria that the security should match. In security typing, however, the user has a clear idea of 
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the security he or she desires to learn about or invest in. It has been shown that security screening applies 
behavioral consequences that are similar in nature to those found when interacting with any system’s 
search results. Namely, investors are more likely to choose the higher ordered results provided by 
screening tools (Jacobs and Hillert 2016), which is consistent with findings that users opt for the higher 
ordered results in, for example, search engines (e.g. Cho and Roy 2004). However, security typing and the 
effect of autocomplete have not been studied, and this paper fills this gap. As we study the effects of 
autocomplete’s facilitation of exploration behavior, we analyze diversions to newly introduced securities. 
A new security is introduced into the financial markets for two major reasons: the firm becomes public (it 
goes through an initial public offering known as IPO), or the firm has undergone a major restructuring 
(such as a merger between two firms), which lead to a change in its ticker (its symbol on the exchange). 
Notably, trading is often done by individuals within a working context. Traders routinely engage in 
trading securities and may subconsciously seek stimuli during their routine. To this end, Berlyne (1960, 
1966) differentiated between specific and diversive exploratory behavior. Diversive exploratory behavior 
involves searching the environment for something new and interesting, and traders are expected to 
engage in such behavior (Litman and Spielberger 2003).1 This behavior is likely to emerge in situations 
where there is limited stimulation, and thus feelings of boredom activate the diversive exploration (Collins 
et al. 2004). 
Indeed, traders are subject to many of the antecedents that derive boredom in the workplace (Gupta 
2015). Traders are well educated and they use technology for routine tasks, which often renders them 
overqualified for the job (Mann 2007). Correspondingly, it is well documented in the public media that 
traders are often fatigued and bored in their profession (Mayer 2016; OptimusFutures 2015). According to 
an industry survey 50% of the individuals in the financial industry are bored in their work (DDI 2004). 
Hence, since according to Berlyne (1960, 1966), individuals are motivated to seek stimulation to arouse 
their curiosity when bored, and to acquire new information once their curiosity is aroused, security 
trading is expected to be subject to diversive exploration.  
The above suggests that when a new security starts trading, actions are diverted to the new ticker from 
securities with syntactically similar tickers. For illustration, consider Figure 1b. When the ticker of FB first 
appears on the trading platform it raises much attention of the public, investors, and professional traders. 
Thus, we conjecture that it may raise curiosity and lead to diversion from other securities. For example, 
somebody looking to buy FBHS shares may be diverted to buy FB. Hence, when a new security starts 
trading, securities with tickers that are syntactically similar to the new security’s are expected to 
experience a reduction in turnover.  
Figure 1a and 1b show the process of locating a ticker before and after the existence of autocomplete, 
respectively. As can be seen in the figures, in the autocomplete period no matter whether one needs help 
in the identification of the ticker symbol or not, syntactically similar tickers are suggested while typing. 
This is in contrast to the pre-autocomplete period, in which possible tickers are shown only if one fails to 
type the ticker correctly. Thus, with autocomplete the possibility to be diverted to a new curiosity raising 
security that starts trading is significantly higher.   
 
 
                                                             
1 In contrast to diversive exploratory behavior, specific exploratory behavior is most likely to occur in 
situations that are relatively rich with novel stimuli. 
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Figure 1a: Locating securities without the presence of autocomplete. The figure shows the option shown 
to the user incase the typed security does not exist. Only if the ticker typed does not exist, the system 
provides information on the possible syntactically similar tickers with detailed information 
 
 
Figure 1b: The figure shows the suggestions provided by autocomplete as one types “fb” in E-Trade. As 
the user types the security ticker, syntactically similar securities are provided as an option for completion     
Data 
We set out to test our hypothesis by analyzing trading volume around days on which a new security starts 
trading. All the results we uncover rely on the difference between securities with a ticker that is 
syntactically similar to the ticker of the new security and a matched control sample of securities that are 
not syntactically related to ticker of the new security. To create the sample, we applied the following data 
collection procedure. We first collected information about newly listed securities whose market cap is at 
least $50 million to avoid concerns of small firm bias.  
Autcomplete emerged as an idea in Google Labs, and it languished in the labs until 2008 (Gomez 2013). 
Its availability on Google is expected to make a major impact, and is the point of time when it started to 
become prevalent. To this end, since autocomplete became fully available in Google in 2008 (Liu 2008)2, 
we collected information about new securities in the period during which autocomplete did not exist 
                                                             
2  Autocomplete became fully operable on Google in 2008 (Gomez, 2013), but was available approximately 
a year prior in the Google Toolbar, and was quickly implemented afterwards by other websites and portals 
(Baifore et al. 2010; Gomez 2013). The first finance mobile apps which emerged in 2009 already included 
autocomplete (Schroeder 2009). Our analysis is robust to the consideration of the incorporation of 
autocomplete in systems at any point between 2007-2009.  
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(2001-2007) and during the period in which it was available (2008-2015).3 In the second stage, we 
generated a list of all securities that were syntactically similar to each of the newly listed securities, when 
they were introduced. A SYNS security is defined as a security that has a ticker of at least two characters 
and is either a prefix of the ticker of the new security starting trading (e.g., if BRM is the new security, 
then BR is syntactically similar) or the other way around (e.g., if BR is the new security, then BRM is 
syntactically similar). Consistent with our list of new securities, we exclude SYNS securities whose market 
value is less than $50 million when the new security starts trading. 
Finally, in the third stage, we create a control sample by matching each SYNS security with a non-SYNS 
security trading in the same timeframe (i.e., a security which is not syntactically similar to the newly 
introduced security). The matched security is chosen so it meets the following three criteria: (1) the first 
character of the non-SYNS security is different from the first character of the SYNS security, (2) the non-
SYNS security is from the same two-digit SIC code as the SYNS security, and (3) on the day when the new 
security is introduced to the market, the non-SYNS security is closest in market size to the SYNS security 
among all the securities that meet (1) and (2).  
To establish a causal relation, we employ a difference-in-difference approach. The first level of difference 
is the difference between SYNS securities and their matched non-SYNS securities. The second level 
difference is the comparison of the 2008-2015 period, the period with autocomplete, with the pre-
autocomplete period of 2001-2007. 
 
Panel A. Distribution and characteristics of new security events  
  NASDAQ NYSE Other Total 
2001-2007 307 (60.3%) 137 (26.9%) 65 (12.8%) 509 
2008-2015 237 (51.9%) 190 (41.6%) 30 (6.66%) 457 
      
 
Panel B. Syntactically similar securities  
 
Total number of 
SYNS securities 
New tickers 
with one 
SYNS security 
New tickers with two 
SYNS securities 
New tickers with three 
or more SYNS 
securities  
2001-2007 798 377 (47.2%) 206 (25.8%) 215 (26.9%) 
2008-2015 793 338 (42.6%) 150 (18.9%) 305 (38.3%) 
Total 1591  
 
Panel C: Characteristics of syntactically similar securities 
 2001-2007 (N=798) 2008-2015 (N=793) 
 Mean SD P5 P50 P95 Mean SD P5 P50 P95 
Turnover (%) 0.78 1.55 0.04 0.42 2.46 1.00 1.46 0.09 0.61 2.98 
Market value 6919 18,117 81 1107 32,214 8011 19,171 86 1523 34,073 
Price 28.7 22.1 3.1 24.5 66.2 34.6 31.2 3.1 26.1 99.9 
Table 1: Descriptive statistics of the sample 
Table 1 provides information on the sample. Panel A reveals that there were 509 new listings in the pre-
autocomplete (2001-2007) period and 457 in the autocomplete period (2008-2015). Most of these new 
listings occurred on either the NYSE or the NASDAQ. Panel B of Table 1 provides distribution information 
regarding the SYNS securities. The sample of SYNS securities are approximately equal in both sub-
periods with 798 and 793 SYNS securities in the pre-autocomplete period and the autocomplete period, 
                                                             
3 It should be noted that other events occurring around that period are immaterial to our analysis. In 
other words, an event such as the financial crises of 2008 cannot provide an explanation for effects 
related to syntactic similarity. 
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respectively. Panel C provides information on the turnover, market value, and price of the SYNS securities 
in the two sub-periods. Turnover is the daily volume divided by the number of shares outstanding on the 
day when the new security starts trading. The market value and price of a share are measured on the day 
when the new security starts trading. We observe a small difference in these characteristics across the pre-
autocomplete and the autocomplete subsamples. Turnover is 0.78% in the pre-autocomplete period, and 
it is 1.00% in the autocomplete period. Thus, it seems that over time, trading volume increased, which is 
not surprising given the increased accessibility of trading. The mean market value is $6.9 billion in the 
pre-period, and it is $8.0 billion in the autocomplete period; the mean price is $28.7 in the pre-period and 
$34.6 in the autocomplete period. 
Results 
Our analysis begins by quantifying the immediate change in turnover experienced by securities that are 
syntactically similar to a newly listed security. The dependent variables for turnover are the one-day 
difference in turnover (Δ turnover), the two-day Δ turnover, and the five-day Δ turnover. The one-day Δ 
turnover is the change in turnover between the first trading day on which the new security trades and the 
previous trading day. The two-day Δ turnover (five-day Δ turnover) is the average daily turnover on the 
first two (five) trading days following the initiation of the new security minus the average daily turnover 
on the two (five) trading days just prior to the initiation date of the new security.4   
Table 2 provides the univariate difference-in-difference results. We first compare our turnover measures 
for the group of SYNS securities during the autocomplete period (2008-2015) to the turnover measures of 
two relevant comparison groups: (1) the SYNS securities when autocomplete was not existent (2001-
2007) and (2) the matched control group for the SYNS securities during the period 2008-2015. In the first 
comparison, we find effects that can be attributed to the causal effect of autocomplete after controlling for 
any possible effect that may be attributed only to syntactic similarity (regardless of autocomplete). The 
second comparison is relevant as an additional test for the causal effect of autocomplete, as the effect of 
autocomplete is expected to influence only SYNS securities.  
In columns (1)-(3) of the table, we provide the mean change in turnover for each subsample.5 We observe 
that the only sample that has a significant reduction in turnover (in the range of 3.93% to 4.49%, 
depending on the measure) is that of the SYNS securities during the 2008-2015 period. The SYNS 
securities of the pre-period are only marginally affected in one of the turnover measures (the five-day Δ 
turnover measure is marginally significant at the 10% level), and the matched, non-SYNS, securities 
during 2008-2015 are not significantly affected by the introduction of the new securities. The last two 
columns provide the difference-in-difference analysis. In column (4), we observe that turnover in SYNS 
securities in the autocomplete period is significantly reduced compared to turnover in SYNS securities in 
the pre-autocomplete period. Finally, in column (5), we provide the difference between Δ turnover of 
SYNS securities (2008-2015) and their matched, non-SYNS securities, and we observe that SYNS 
securities experience a significantly negative turnover when compared to their control group of the same 
period.  
 
 
 
 
 
                                                             
4 An advantage of the five-day measure is that it inherently controls for the well-documented day-of-week 
effects (Jain and Joh, 1988; Foster and Viswanathan, 1993). 
5 Our analyses assume that the time in which autocomplete became prevalent is the beginning of 2008 
(Liu 2008). However, our results are robust for excluding one year of new-security events during any of 
the calendar years 2007 or 2008 or 2009. Alternatively, our results are robust if we construct the 
beginning autocomplete-prevalence year as being in any of the years  2007-2009,  
 Economic Externalities of Autocomplete  
 Fortieth International Conference on Information Systems, Munich 2019 9 
 Mean of sample Difference in means 
 (1) 
SYNS  
2008-2015 
(2) 
SYNS  
2001-2007 
(3)  
Matched 
securities 
2008-2015 
(1)-(2) (1)-(3) 
Number of obs. 793 798 793   
One-day Δ turnover -3.93*** 
(-2.93) 
-0.28 
(-0.25) 
0.86 
(0.66) 
-3.65** 
(-2.07) 
-4.79*** 
(2.57) 
Two-day Δ turnover -4.00*** 
(-2.98) 
-0.37 
(-0.33) 
-0.33 
(-0.25) 
-3.63** 
(-2.08) 
-3.67** 
(-1.96) 
Five-day Δ turnover -4.49*** 
(-3.69) 
-1.62* 
(-1.70) 
-0.59 
(-0.52) 
-2.87* 
(-1.85) 
-3.90** 
(-2.36) 
t-statistics are provided in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% level, 
respectively. 
 
Table 2: Introduction of a new security and change in turnover of syntactically similar 
securities before versus after the presence of autocomplete 
 
We now take the analysis one step further by also considering the matched securities in the pre-
autocomplete period. This allows to find changes in the behavior of SYNS securities compared to non-
SYNS securities before and after the existence of autocomplete, and thus control for any changes that 
could potentially be attributed just to a security being syntactically similar. Hence, we first calculate the 
difference between SYNS securities and their matched securities in each sub period, and then analyze the 
difference-in-difference between the two sub-periods. In essence, this is a triple difference analysis (or 
difference-in-difference-in-difference analysis); the first difference is the Δ turnover of each of the four 
groups around the event date (introduction of the new security), the second difference is the difference in 
Δ turnover between SYNS securities and their matched securities, and the third difference is the 
difference across periods of the difference in Δ turnover of the SYNS securities and their matched 
securities. The results are shown in Table 3. 
 
 Mean of SYNS similar minus control security  Difference in means 
 (1) 
2008-2015 
(2) 
2001-2007 
(1)-(2) 
One-day Δ turnover -4.79*** 
(-2.85) 
4.96*** 
(2.74) 
-9.74*** 
(-3.95) 
Two-day Δ turnover -3.67** 
(-2.17) 
1.88 
(1.10) 
-5.55** 
(2.31) 
Five-day Δ turnover -3.90*** 
(-2.57) 
1.53 
(1.09) 
-5.44*** 
(-2.62) 
t-statistics are provided in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% level, 
respectively. 
Table 3: Difference-in-difference-in-difference analysis 
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Column (1) repeats the rightmost column in Table 2 and reveals that SYNS securities in the autocomplete 
period have a comparative reduction in turnover when the new security is introduced.6 Column (2) shows 
that this is not true for the pre-autocomplete period. In fact, according to the one-day measure, there 
appears to be an increased in turnover for SYNS securities in the pre-autocomplete period; however, the 
increase in turnover is not robust and is significant only in one of the three measures. Most importantly, 
the triple difference analysis shows unequivocally that turnover is reduced in the magnitude of 5.4%-9.7% 
for the syntactically similar sample in the autocomplete period compared to the pre-autocomplete period.   
 
 Dependent variable: Δ turnover 
 (1) (2) (3) (4) (5) (6) 
 One day Two days Five days One day Two days Five days 
Autocomplete × syns  -0.044** -0.045*** -0.036** -0.098*** -0.056** -0.055*** 
 (-2.51) (-2.56) (-2.28) (-3.94) (-2.29) (-2.59) 
Autocomplete    0.056*** 0.012 0.021 
    (2.85) (0.66) (1.33) 
Syns    0.050*** 0.019 0.016 
    (2.81) (1.14) (1.12) 
Δ market turnover 0.518*** 0.527*** 0.465*** 0.542*** 0.546*** 0.466*** 
 (8.72) (9.80) (10.12) (11.26) (12.43) (12.88) 
Market value  -0.0001 -0.0001 0.0004 0.0004 -0.0001 0.0001 
 (-0.34) (-0.28) (0.69) (0.30) (-0.19) (0.39) 
Price 0.0005 0.0004 0.0004 0.0003 0.0004 0.0003 
 (1.28) (0.67) (1.42) (1.35) (1.44) (1.21) 
Constant -0.071** -0.032 -0.063** -0.104*** -0.053** -0.070*** 
 (-2.17) (-1.06) (-2.52) (-3.73) (-2.09) (-3.60) 
Day of week fixed effects Yes Yes Yes Yes Yes Yes 
Observations 1,591 1,591 1,591 3,182 3,182 3,182 
Adjusted R squared 0.0600 0.0570 0.0502 0.0610 0.0583 0.0512 
The dependent variables are either the one-day, two-day, or five-day Δ turnover centered at the start of 
trade of the new security. The models use robust standard errors clustered by new security ticker and 
date pair. t-statistics are provided in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 
1% level, respectively. 
Table 4: Regressions of change in turnover 
 
We next analyze the change in turnover in a regression framework (Table 4). We run regressions with two 
different samples. Columns (1)-(3) include only observations of SYNS securities, while columns (4)-(6) 
include all securities, both the SYNS securities and their matched securities. We define two indicator 
variables: Autocomplete equals one for the period 2008-2015 and zero otherwise; Syns equals one if the 
security’s ticker is syntactically similar to the ticker of the introduced security and zero otherwise (i.e., it is 
                                                             
6 The t-statistics in column (1) of Table 3 and the rightmost column in Table 2 are different because of the 
change in degree of freedoms and procedure. The t-statistics in Panel A consider that we have two 
samples of 793 turnovers each, while those in Table 3 consider that we have 793 differences altogether. 
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a matched security to a SYNS security). The advantage of the regression analysis is that it allows us to 
control for market-wide change in trading activity (using our Δ market turnover variable), security 
characteristics (Market value and Price of the security on the day when the new security starts trading), as 
well as day of the week fixed effects.7    
In all specifications, the variable of interest is the interaction term Autocomplete × syns, which is 
expected to be negative and significant if autocomplete has a causal effect of reducing turnover for SYNS 
securities. We note that in specifications (1)-(3), this interaction term is collinear with autocomplete. 
Additionally, in specifications (1)-(3), Syns is collinear with the constant, as it equals one for all 
observations. In essence, specifications (1)-(3) compare SYNS securities of the two periods, while 
specifications (4)-(6) compare the SYNS securities in the autocomplete period to the other three 
subsamples (SYNS securities in the pre-autocomplete period and the two matching groups for SYNS 
securities, one from the autocomplete period and one from the pre-autocomplete period). The results of 
the regression analysis clearly show a reduction in turnover for the SYNS securities in the autocomplete 
period. The results are in the range of a 3.6%-4.4% reduction in turnover in specifications (1)-(3) and in 
the range of 5.5%-9.8% in specifications (4)-(6). As expected, a security’s turnover tends to move with 
changes in market turnover, the latter being a highly significant result.   
Summary and Discussion 
Almost any transaction made online is associated with text-based user input interface, and automatic text 
completion is applied practically unanimously across information systems and search providers. It is 
difficult to think of a context in which text autocomplete does not exist. Users increasingly rely on it to 
help them to provide their input with precision, but its impact has never been assessed.  
In this research we have examined the extent to which online exploration-based diversions make an 
economic impact on transactions. We have looked at automatic text completion, which provides help only 
after the user has decided on a term to type and started typing it, and thus is not expected to divert users 
to a different term, unless exploration is triggered.  
The IS literature typically studies positive aspects of technology, and deficiencies are less often 
highlighted. For example, it has been noted that with effective interface design user satisfaction can be 
enhanced (e.g., Hsieh et al. 2012), knowledge creation can be supported (e.g., Khodakarami and Chan, 
2014), and engagement can be facilitated (e.g., Kim et al. 2013). Related to exploratory behavior, 
gamification is often achieved by exploiting exploratory tendencies of users (Hamari and Koivisto 2015). 
It has been noted that through gamification, IT can facilitate engagement and satisfaction in daily tasks 
(Liu et al. 2017). However, as we show, technological innovations can come at a cost. We show that due to 
autocomplete individuals can divert from their intended activities to different ones. This may have 
positive effects of knowledge gathering, but may also result in delaying the completion of important tasks. 
Importantly, while autocomplete has come to help users precisely provide their intended input, we show 
that the contrary may occur, and that rather than refine input with precision, users may provide a 
significantly different input than intended.  
As such, this study relates to the growing literature that indicates that not all HCI innovation is positive. 
While different interface designs come to facilitate enjoyment and ease of use, they can result in bad-
behaviors and addiction (Turel and Serenko 2012). While online reviews come to empower users, reviews 
may instead reshape preferences (Liu and Karahanna 2017). Rather than improve communication in a 
workplace, work related instant messaging technology can negatively affect task performance due to 
interruptions (Gupta et al. 2013). In the context of the effects of technology on financial markets, while 
algorithmic trading is usually associated with improved liquidity (Hendershott et al. 2011), it may also 
                                                             
7 Because we match SYNS securities to non-SYNS securities based on size and industry, any difference in 
turnover between SYNS and non-SYNS that we uncover in the univariate analysis cannot be attributed to 
these variables. Hence, size is not expected to be significant. We include it only because it is a standard 
control in the finance literature for analyzing volume and turnover. For example, DellaVigna and Pollet 
(2009) also use size and market volume as their controls. 
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deter information acquisition and reduce price informativness (Weller 2017). Our study relates to possible 
investment inefficiencies that may emerge due to autocomplete.  
More generally, our results contribute to the understanding of the economic ramifications of exploration-
based diversions upon decision making. Specifically, we look at exploration that may be triggered by 
variety seeking (Howard and Sheth 1969) and curiosity-based behaviors (Berlyne 1960). Such 
explorations are facilitated by a single stimulus that triggers exploration, exploiting consumers’ tendency 
to seek new products to increase stimulation.  
While a considerable body of IS research deals with analyzing the economic outcomes of human decision 
making under the use of technology (e.g. Goldstein et al. 2008), such research has predominantly dealt 
with inefficiencies stemming from suboptimal user choices. This line of research draws on the idea that 
when a computerized aid is used, the strategy employed by the user is highly dependent on the amount of 
effort that strategy requires and that individuals opt for a cognitive effort reducing heuristic when using a 
system, and that effort is a factor more important than accuracy in influencing decision making (e.g., 
Todd and Benbasat 1999; Bettman et al. 1990). Indeed, these effort reduction heuristics can have a 
substantial economic impact. For instance, carefully designing the default option settings in various 
systems can dramatically impact a company’s revenue (Goldstein et al. 2008; Thaler and Sunstein 2008). 
However, while effort reduction has been considerably studied in the context of decision making, 
exploration-based behaviors have been mostly related to as facilitators of user experience (e.g., Hsu and 
Lu 2004; Finneran and Zhang 2005), rather than as a behavior that can have an economic impact.  
Overall, our results demonstrate that exploration-triggering terms divert transactions from syntactically 
similar terms. In the context of the financial industry, we find that the introduction of a new ticker 
reduces transactions in syntactically similar tickers. The mean reduction in turnover is of approximately 
4% in the five days following a new ticker’s introduction.  
Thus, our results support the hypothesis of a reduction in turnover due to exploration-based diversion 
facilitated by autocomplete. Importantly, the results indicate syntactic similarity as the facilitator of 
diversion, and it is hard to think of alternative explanations for such diversions. Any event taking place at 
around the time of the introduction of autocomplete is not expected to explain diversions between 
syntactically similar tickers. For example, financial crises or regulations are not expected to facilitate 
diversion between syntactically similar tickers (compared to diversion between non-syntactically similar 
tickers) in the years that follow. Consider the financial crisis of 2008. Indeed, it is possible that this crisis 
has increased diversion between securities in general as investors may have looked for alternative 
investments. However, there is no reason to suggest that a financial crisis derived diversions would be to 
syntactically similar securities rather than non-syntactically similar securities, unless autocomplete is 
involved. That is, any conceived theory about the role of financial crises in diversion to different tickers 
would most probably not suggest that syntactically similar tickers would be diverted to rather than non-
syntactically similar; and any explanation that may come to mind would probably be based on the idea 
that syntactically similar tickers are suggested as one engages in trading. Further, exploration based 
diversion facilitated by autocomplete supports a systematic diversion to the introduced tickers rather than 
a balanced diversion in both ways, which would yield insignificant results in a diff-in-diff analysis.  
Our results have several implications. First, we show that exploration-based diversions can have an 
economic impact. The possible effects of exploration-based diversions due to technology have not been 
previously identified nor quantified. As such, the results of this study can open a new venue for research 
on the role of exploratory behavior in decision making when using technology. In the context of the 
financial industry, we provide evidence for transaction diversion to a new security from syntactically 
similar tickers. Hence, managers can strategize regarding their choice of a ticker for their company. For 
example, as part of their decision process, managers may consider the effect of choosing a ticker that 
would have many syntactically similar tickers vs the effect of choosing one with few syntactically similar 
tickers. A ticker with more syntactically similar tickers may yield increased initial interest in the company.  
Given the ubiquity of text-based searches, the results of this study have many other managerial and 
societal implications. For example, the processes described in this study have implications for knowledge 
management. It is possible that knowledge acquisition is affected by the terms suggested by autocomplete. 
For instance, when one visits a site such as Wikipedia, one may be tempted to learn of new terms which 
are syntactically similar to the one intended to be researched. Thus based on the terms that are similar, 
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different user bases may be attracted to learn about the new term. Acknowledging such tendencies of 
people may help lead to improved system design, under which knowledge acquisition becomes more 
efficient. For example, it may be useful to add a random suggestion in autocomplete, in order to facilitate 
exploration which is not only syntactically based.  
These are only some of the implications and directions for future research that could build on our 
findings. Other promising directions for future research could extend to different input functionalities 
that are provided as time progresses. For example, in the last couple of years, voice-based web searches 
have increased in popularity. It may be interesting to see if phonemically similar terms will be diverted to 
if alternatives are suggested under this relatively new input mechanism.  
In summary, this research improves our understanding of the economic effects stemming from decision 
aids; it improves our understanding on how financial investment decisions may be affected by technology 
advancements; most importantly, it improves our understanding of aspects of a widely adopted user 
interface – the economic effects of autocomplete. 
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